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ABSTRACT
The intent of this research was to assess the possible use of high resolution remotely sensed hyperspectral and multispectral data to characterize soil types, specifically focusing on organic matter
content, in an associative manner with the results obtained from traditional Order 1 and Order 2
soil surveys. A chi-square analysis indicated a strong association between soil type and organic matter
content. A Cramer’s V analysis (of a supervised classification) indicated a stronger relationship between
the Order 1 and organic matter. However, when an unsupervised classification scheme was applied
to the aerial imagery, again using Cramer’s analysis, the Order 2 out-performed the Order 1. This superior performance was due in part to the grouping of multi-band spectral response patterns into statistically separable clusters. A One-Way ANOVA analysis indicated that all soils were significantly different
in the Order 2 survey for both the hyperspectral and the multispectral data sets. However, the Order
1 results show the ITD sensor more successfully grouping the darker soils than did the ATLAS which
grouped the lighter soils. A linear discriminate analysis (LDA) demonstrates that the computer classification of images more successfully assessed the Order 2 survey than the Order 1. Again it is worth
noting that the LDA also grouped the soils in a similar manner as did the ANOVA in that the ITD sensor
grouped the darker soils and the ATLAS sensor grouped the lighter soils. This sensor preference
is another significant secondary finding of this study. Despite the subjective nature of the soil mapping exercise and the use of un-calibrated data sets, high resolution imagery was able to differentiate different soil mapping scales. Even though associations were relatively low statistically, this
study supports the hypothesis that high resolution imagery, although limited by its two-dimensional
capabilities, can be effectively used as a predictive tool, although with the current technological limits, the imagery cannot serve as a surrogate for more traditional soil surveys.
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Remote Sensing of Soils
Aerial photography/imagery has been used for over 70
years to aid in the mapping of soils (Bushnell, 1932) and
with the advances in remote sensing technologies (i.e.
digital imaging), such information can now be directly
integrated into a geographic information system (GIS).
The approach commonly taken in studying the feasibility
of using imaging devices for soil mapping has been the
acquisition and analysis of imagery, or other remotely
sensed data over a specific area, which can be supplemented by limited ground reference data. An important
disadvantage to this approach is that negative results
cannot be conclusive due to the fact that the experimental
conditions include only one of many possible combinations of surface reflectance, sensor sensitivity, and spectral composition of the sunlight on the target area (Cihlar
and Protz, 1973).
In the early days, applications of multispectral remotely sensed data had mixed results. There were two
questionable assumptions, one being that conventionallyprepared soil maps were 100% correct, the second being
that the spectral response of the soil surface was determined by the same morphological features used in deriving the soil survey maps (Matthews et al 1973). Westin
and Frazee (1976) produced a soil association map of
South Dakota using Landsat MSS images. Weismiller et
al., (1977) incorporated topographic layers with Landsat
MSS data over a study area in Missouri that classified
64% of the bare soil correctly and determined that soil
categories could be delineated by topographic positions.
Kirschner et al., (1978) compared Landsat MSS data with
a conventional soil map and showed that soil drainage
characteristics could be identified on their central Indiana
study area. Weismiller and Kaminsky (1978) concluded
that computer aided analysis of multispectral data when
used with ancillary data could be an aid to field soil scientist in mapping soils.
Soil survey mapping units are defined by the soil
properties that affect management practices, such as
drainage, erosion control, tillage and nutrition, and they
involve the whole soil profile (Soil Survey Manual,
1993); whereas, maps of spectral responses are based
directly on the spectral surface properties of the soils
(Campbell, 1996). In laboratory studies, soil reflectance
has been successful in quantifying soil properties, such

as organic carbon, moisture, and total nitrogen (Hoffer
and Johannsen, 1969; Latz et al., 1984; Dalal and Henry,
1986; Shonk et al., 1991; Shephard and Walsh, 2002). In
addition to the laboratory studies, Page (1974) found that
nearly 80% of the total variation in organic matter content
of 96 Atlantic Coastal Plain soils could be accounted for
by reflectance. Baumgardner et al., (1970) demonstrated
that varying levels of surface soil organic matter could be
detected through analysis of aerial multispectral data.
Similar examples have been found at the field level.
Weismiller et al., (1985) concluded that distinctive reflectance characteristics can be related to the severity of
soil erosion. For example, Agbu et al. (1990) studied the
relationship of high-resolution satellite data and soil properties used in map-unit delineation and soil classification.
The Agbu study determined that soil organic matter was
significantly correlated with the red and green Satellite
Pour l’Obsevation de la Terre (SPOT) spectral bands.
Depth to reduced color was also significantly correlated
with the near-infrared (NIR) band. This indicates that not
only the soil surface features but also some of the subsoil
features, such as upper B horizon color chroma and depth
to reduced color showed a significant correlation. The
soil survey of Jasper County, Indiana was one of the first
published soil surveys that described the use of spectral
data in the field to assist with the determination of map
unit composition (Smallwood and Osterholtz, 1990).
Coleman et al. (1991) found the thermal band of the
Landsat TM significant in contributing to the separability of soil types through its ability to characterize organic
matter, clay, and iron-oxide contained in the soil. Krishnan et al. (1980) reported that the visible wavebands were
better at predicting soil organic matter than the infrared
wavelength region. Hoffer and Johannsen (1969) found
that as organic matter increases, soil reflectance decreases
throughout the 0.4-2.5 μm wavelength range.

Soil classification and mapping with
remotely sensed data
Early studies were accomplished by using aircraft
multi-spectral sensor (MSS) data as a tool for delineating
differences of surface soils. Kristof (1971) concluded that
with the aid of automatic pattern recognition techniques,
different classes of soil surface conditions could be
mapped with reasonable accuracy. Since the launch of
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Landsat 1 in 1972, much attention has been given to the
relationship of soils and land use. Murphy et al. (1978)
defined “agrophysical units” as “geographic areas having
definable/comparable agronomic and physical parameters
which reflect a range in agricultural use and management”. Other researchers have used visual interpretation
of Landsat images overlaid with acetate transparencies
of soil map sheets or by using computer pattern recognition techniques to investigate relationships of Landsat
multispectral data to soil patterns. Although the results
varied from case to case, the researchers agreed that
the use of satellite or airborne imagery decreases the
time required in the soil survey and mapping period and
therefore reduces the cost. However, they also concluded
that a spectral classification alone cannot distinguish
between widely differing soils exhibiting similar spectral
responses. By adding ancillary data, a more detailed
delineation of soils can be provided as compared to information derived solely from Landsat data (Weismiller, et
al., 1977; Kaminsky, 1978; Irons, et al., 1989). However,
these comparisons also revealed some obvious discrepancies between spectral soil maps produced from Landsat
data and conventional soil survey maps (Kornblau and
Cipra, 1983). One possible reason for these discrepancies
is the fact that Landsat MSS data portrays only surface
reflectance properties. As mentioned before, soils that
vary widely over geographic regions and subsurface
properties may exhibit similar surface spectral properties.
Also, the multispectral delineation of soil differences and
the traditional approach to soil mapping are distinctly
different. Soil spectral maps are produced solely from
the differences in soil surface reflectance measured by
the sensor at a specific moment in time, whatever the soil
surface condition may be. Thus, the soil spectral maps
provide a kind of spectral information, which may or may
not represent the true soil characteristics. On the other
hand, conventional soil maps are produced by considering the parent material and the environmental conditions
and by examining soil profiles in-situ. The information
derived from these maps could be called natural information. Maps that are produced from these two different
methods under certain conditions could be in agreement
but are more likely to disagree because, as mentioned
previously, soil types vary as much within a given type
as they do among differing soil types. This is due to both

large and small inclusions and wide and narrow transitional boundaries.

Study Location Description
The site chosen for this study was the Davis-Purdue Agricultural Center (DPAC) located in East Central Indiana,
USA, northeast of the city of Muncie and approximately
due North of Farmland, Indiana in Randolph County. A
map of DPAC is shown in Figure 1 (refer to appendix)
with its approximate location within the state of Indiana.
DPAC was chosen for three primary reasons:
1. DPAC has relatively large sets of contiguous fields
that have available datasets including soil survey, soil
tests, topographic data and yield data,
2. geographical location and topographic features
meaning that soil variability is well defined, and
3. a minimum of induced soil variability (i.e. manure
application, land levelling, etc.).

Ground Reference
The southern most fields, four in total (Table 1), of the
DPAC, consisting of approximately 48.5 hectares (120
acres) were chosen for this study because of the natural variability of the soils and the extensive amount of
baseline data sets that were available. Available data sets
include 0.20 hectare (one-half acre) surface soil sample
test results (0-20 cm increments), detailed topographic
data, lack of past research plot work which would induce
variability, and high-resolution remote sensing data sets.
The soil types at the DPAC contain textures that
are predominately silt loams, silty clay loams, and clay
loams. They are in the Blount-Pewamo Association as
described by the Soil Survey of Randolph County, Indiana
(Neely, 1987). This soil association is described as being
“nearly level, deep, somewhat poorly drained and very
poorly drained, medium textured and moderately fine
textured soils formed in glacial till; on uplands”. Minor
soil series within this association are well-drained Morley
soils, moderately drained Glynwood soils, and in some of
the lower lying areas, Linwood soils. This association, if
drained, is well suited for cultivated crops, small grains,
or forage crops. The fields at the DPAC are predominate-
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ly Zea mays (L.)(corn) and Glycine max (L.) (soybean),
typically grown in annual rotation with each other.
The soil occupying the most area in the study site
is the Pewamo silty clay loam (approximately 40%) followed by the Blount silt loam (approximately 35%). The
other 25% are minor soils consisting of mostly Morley
and Glynwood soils. The USDA published soil survey
map (Order 2) is shown in Figure 2 (refer to appendix).
The elevation ranges from between 294 meters (965 feet)
in the southwest corner of Field M1 to 299 meters (980
feet) in the northeast corner of Field P (Figure 1, refer to
appendix).

Table 1 Location and field size for study area.
Soil sampling was performed in spring 1998 on field
M1 and field P; in spring 1999, soil samples were taken
from fields M2 and N on an approximate grid spacing
of 0.20 hectares (one-half acre). A center point for each
0.20 hectare grid cell was located and 8 to 10 separate soil
cores to a depth of approximately 20 cm were collected
in an approximate 5 meter circle around the center point.
The 20 cm depth was used since the soil profiles have
been disturbed due to tillage methods within the study
area during the cropping history. Only the results from

the organic matter measurements were used for this study
because soil organic matter (SOM) is the one soil constituent, which has the most influence on soil surface color
(Baumgardner et al., 1985, Henderson et al., 1992).

Aerial Imagery
Aerial photographs are used as the mapping base from
which to begin the process of soil surveying in most
soil survey areas in the United States today (Soil Survey
Manual, 1993). With few exceptions aerial photographs
are by far the most practical mapping base for field use by
soil scientists because they provide
a synoptic view of a particular
area and are easily interpreted by
the soil scientist. Several kinds of
aerial photography were available.
Conventional panchromatic (black
and white) photography is sensitive
to approximately the visible portion
of the electromagnetic spectrum
(wavelengths of 0.38 to 0.78 micrometer). Color photography covers a similar range. Infrared photography, which covers radiation of
somewhat longer wavelengths, was
also available.
For this study, an aerial imagery data set was used, not for
the final analysis but for a baseline
data set to guide some of the other
ground reference procedures such
as topographic mapping and the Order 1 soil survey. EMERGE®, a division of ConAgra®,
provided a three band (Table 2, top of next page) multispectral image of the study site (Figure 3, refer to appendix). EMERGE used a Kodak digital camera system
(DCS) with a 2000 X 3000 cell array of charge-coupled
devices at a 1m spatial resolution. Fourteen EMERGE
images were collected on approximately a monthly basis
during the growing season for the 2 year period preceding
this study.
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Table 2 EMERGE bands and corresponding wavelengths.

Equipment Used
Several different technologies were used in this study.
The Global Positioning System (GPS) was used to georeference all field activities using a Trimble™ AgGPS
132 receiver. The AgGPS 132 is a high-performance,
integrated 12-channel receiver/dual-channel MF differential beacon receiver/satellite differential receiver that
uses either free public or subscription-based differential
correction services to calculate sub-meter positions in
real-time. Coupled with the AgGPS 132 was a Fujitsu™
Stylistic 2300 pen-based tablet portable computer. The
Fujitsu Stylistic 2300 features a 300MHz Intel Celeron
processor with an 8GB shock-mounted hard-drive. Both
the GPS receiver and computer were used to document
the locations of collected soil samples, topographic features and aided in the creation of the Order 1 soil survey.
Toward the end of the project, a Compaq iPAQ 3650 PDA
computer was used instead of the Fujitsu. The Compaq
3650 has a 210MHz processor with 36MB of hard-drive
memory. This change was made for the ease of use and a
reduction of weight.

Order 1 Soil Survey
Based on a visual assessment, the patterns that were
obvious in the images did not represent the currently
used soil survey as shown in Figure 3. Therefore, it was
determined that an updated soil survey was needed on the
study fields.
In spring 1999, three soil scientists from the Indiana
office of the National Resource Conservation Service
(NRCS) performed an Order 1 soil survey on the four
southern fields (fields M1, M2, N and P) at the DavisPurdue Agricultural Center. Two of the first things an
experienced soil scientist looks for when he/she enters a

field that is to be mapped are the topography (landform)
and soil color (tone characteristics of the soil). These two
characteristics are indicators of several different soil attributes such as organic matter (OM) content, water holding capacity, water availability, to a certain extent CEC,
depth to till, and fertility; all are important in determining
soil variability and ultimately yield variability. Also, soil
cores were taken to determine attributes such as horizon
layer thickness, mottling, depth to limiting layer such as
unweathered glacial till, and changes in color. Throughout the course of this soil mapping exercise, many soil
profiles from the soil cores were examined and re-examined. Soil mapping can be both a science and an art. To
reduce the subjectiveness of the mapping, soil scientists
not only depend on topography and a previous soil map
in developing their mapping model, they will also rely
on properties such as texture, organic matter, soil colors,
and soil structure to constructing a soil mapping unit. The
intended use of the map can also influence the definition
of the mapping unit. For instance, if the final use is to
estimate yield potential then the soil scientist will map the
soil constituents that are expected to have the most impact
on yield.
As the process of taking soil depth cores continued
over a progressively larger area, adjustments to the mapping unit delineations were made based on the currently
observed soil cores and also previous cores, as the soil
scientists’ knowledge of the area increased. As the soil
scientists encountered a transition zone where either the
surface or subsurface soil characteristics changed, then, a
flag was placed in the ground to demarcate the different
mapping units. The soil scientists would then follow the
demarcation line until it became a closed loop. This procedure was repeated until the whole area of interest was
mapped. After the mapping exercise was completed, then
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each of the lines were driven with an ATV equipped with
a GPS receiver and computer with GIS mapping software
installed to essentially accomplish an in-field digitization
of the soil mapping units.
As a result of this labor intensive soil mapping experiment and the fact that the mapping was done without
disrupting the normal cropping practices, it is estimated
that there were approximately one thousand man-hours
involved to map the approximately 48.5 hectares (~120
acres). After the delineation of soil map units was completed, each mapping unit was characterized to provide
accurate soil descriptions for the individual mapping
units. This was accomplished by taking a series of 5.1
centimeter (2 inch) cores down to a depth of 2 meters (~6
feet) at the previously described 0.20 hectare sampling
grids (Figure 4, refer to appendix). The final Order 1 soil
survey (Figure 5, refer to appendix) is a culmination of
work done over an approximate two-year period.

descriptions to gain information about the properties of
soils in a particular area (Soil Survey Manual, 1993).
The soil scientists’ soils transect characterization results, which were mapped in Fields N and P, are presented
in Table 3 (refer to next page). The results were then extrapolated to include the corresponding soil mapping units
observed in Fields M1 and M2.

Soil Survey Processing

Advanced Thermal and Land Applications Sensor (ATLAS) remote sensing instrument was flown on December
9, 1999 on a NASA Stennis Lear jet. ATLAS was able
to measure 15 multispectral radiation channels across the
thermal (8300 – 12300 nm) – near infrared (750 – 2500
nm) – visible spectrums (450 – 740 nm). The sensor also
incorporated onboard, active calibration sources for all
bands. ATLAS was capable of approximately 2.5 meter
resolution per pixel when flown in NASA’s Learjet and
viewed about a 30 degree swath width to each side of the
aircraft. The position of the aircraft, its orientation, and
the sensor orientation were all recorded at least once a
second (http://wwwghcc.msfc.nasa.gov/precisionag/atlasremote.html). For the purpose of this study, only the visible and near infrared channels were used. The thermal
channels experienced abnormal noise which limited their
use. The fields were moldboard plowed in October 1999
to remove the reflectance impact of crop residue from the
previous years crop. No significant rainfall was recorded
in the 10 days prior to image acquisition.

Because of the process of using an ATV, computer, GIS
software, and GPS receiver, as described earlier, the polygon lines needed to be merged into one line between soil
mapping units. This was accomplished using ArcView
3.2x and an ArcView Extension named Spatial Analyst.
All of the polygons were merged to eliminate any “gaps”
between polygons that were made due to the inaccuracy
of the process of driving the soil boundaries with the ATV.

Order 1 Soil Type Descriptions
Official soil series description is a term applied to the
description approved by the Natural Resources Conservation Service that defines a specific soil series in the United
States. These official soil series descriptions are descriptions of the taxa in the series category of the national
system of classification. They primarily serve as specifications for identifying and classifying soils. While doing
survey work, field soil scientists should have knowledge
of all the existing official soil series descriptions that are
applicable to their soil survey areas. Other official soil
series descriptions that include soils in adjacent or similar
survey areas are also commonly needed. Scientists in
other disciplines, such as agronomists, horticulturists,
engineers, planners, and extension specialists also use the

Remote Sensing Data
Two primary sets of remotely sensed imagery provided by
two different sensors were used in the study.

Advanced Thermal and Land
Applications Sensor (ATLAS)

ITD Realtime Digital Airborne Camera
System (RDACS)
The Institute for Technology Development (ITD) is a
non-profit organization, with Spectral Visions being an
ITD subsidiary. Spectral Visions collected data over
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Table 3 Transect observation information of soils mapped in the Order 1 Soil Survey from Fields N and P at
Number of sampling
points observed w/ in
mapping unit
Soil Map Unit 1
(Condit)
Field N

Field P

Combined Totals for
for both fields

8
2
1
12
2
2
2
1
20
4
3
2
1

Map Unit 2 (Pewamo)
Field N
2
1
1
1
1
Field P
6
2
1
Combined Totals
8
for both fields
3
2
1
1

DPAC

Percentage

Soil Mapping Unit

73%
18%
9%
63%
10.5%
10.5%
10.5%
5%
66.6%
13.3%
10%
6.6%
3/3%

Condit
Blount, deep
Blount
Condit
Blount
Blount, deep
Pewamo, overwash
Digby, till substratum
Condit
Blount, deep
Blount
Pewamo, overwash
Digby, till substratum

33.3%
16.6%
16.6%
16.6%
16.6%
66.6%
22.2%
11.1%
53.3%
20%
13.3%
6.6%
6.6%

Pewamo
Condit
Pewamo, taxadjunct
Pewamo, overwash
Blount, deep
Pewamo
Condit
Pewamo, taxadjunct
Pewamo
Condit
Pewamo, taxadjunct
Pewamo, overwash
Blount deep
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Table 3 continued
Map Unit 3 (Blount)
Field N

Field P

Combined Totals
for both fields

Number of sampling
points observed w/ in
mapping unit
14
3
1
1
1
1
6
1
1
1
20
3
2
1
1

1
1
1
Map Unit 4 (Pewamo/slope)
No samples collected
Map Unit 5 (Del Rey)
Field N
2
Field P
N/A

Percentage

66%
14%
5%
5%
5%
5%
66.6%
11.1%
11.1%
11.1%
66%
10%
6.6%
3.3%
3.3%

Soil Mapping Unit

3.3%
3.3%
3.3%

Blount
Digby, till substratum
Blount, deep
Del Rey
Del Rey, substratum
Glynwood
Blount
Blount, deep
Haskins
Rawson
Blount
Digby, till substratum
Blount, deep
Del Rey
Del Rey, till substratum
Glynwood
Haskins
Rawson

100%
N/A

Del Rey
N/A
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Table 3 continued
Number of sampling
points observed w/ in
mapping unit

Map Unit 6
(Glynwood)
Field N

Field P

Combined Totals

Percentage

1
1
1
7
3
2
1

33.3%
33.3%
33.3%
50%
21%
14%
7%

1
8
4
2
1
1

7%
47%
23%
12%
6%
6%

1
Map Unit 7 (Glynwood/Rawson complex)
Field N
N/A
Field P
2
Map Unit 8 (Morley)
Field N
N/A
Field P
1
Map Unit 9 (Bellcreek)
Field N
6
Field P
N/A
Map Unit 10 (Blount/slope)
Field N
6
Field P
N/A

6%

Soil Mapping Unit

Glynwood
Glynwood, taxadjunct
Mississinewa
Glynwood
Mississinewa
Morley
Mississinewa, taxadjunct
Rawson
Glynwood
Mississinewa
Morley
Glynwood, taxadjunct
Mississinewa, taxadjunct
Rawson

N/A
100%

N/A
Glynwood/Rawson
complex

N/A
100%

N/A
Morley

100%
N/A

Bellcreek
N/A

100%
N/A

Blount
N/A
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Table 3 continued
Number of sampling
points observed w/ in
mapping unit

Map Unit 11 (Glynwood/Blount complex)
Field N

Field P

Combined Totals
for both fields

2
1
1
3
1
1
1
3
3
1
1
1
1

Map Unit 12 (Milford)
Field N
N/A
Field P
4

Percentage

Soil Mapping Unit

50%
25%
25%
50%
16.6%
16.6%
16.6%
30%
30%
10%
10%
10%
10%

Blount
Rawson
Condit
Glynwood
Blount
Blount, deep
Pewamo, overwash
Glynwood
Blount
Blount, deep
Pewamo, overwash
Rawson
Condit

N/A
100%

N/A
Milford, marl substratum
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DPAC on June 20, 2000. The Spectral Visions sensor
was a pushbroom/line type hyperspectral imaging system,
collecting 120 spectral bands, with each band being 3 nm
apart, from 471 nm to 828 nm. This range represented the
portion of the electromagnetic spectrum including most
of the visible light and a small portion of the infrared
radiation just beyond the visible spectrum but is typically
called the near-infrared portion. It is important to note
that the data have 2048 possible digital numbers (DN) or
possible gray levels for each pixel in every band. High
DN values represent a high reflectance, i.e. vigorously
growing plant material, and low DN values correspond to
dark surfaces with relatively high absorbance, thus low
reflectance. However, the relationship between reflectance and DNs is not necessarily linear. Therefore, it is
not correct to assume that it is a parallel relationship. In
other words, as reflectance increases or decreases, the
DNs will not necessarily increase or decrease at the same
rate. The image DNs used in this study were the “raw”
numbers; therefore, they were analyzed without any calibration to known physical measurements.
The spatial resolution of this data set was 1.75 m.
The system also incorporated an on-board GPS system
for image rectification. The data were band-to-band
registered and georeferenced to within 1 pixel (1.75 m)
accuracy. No significant rainfall was recorded in the previous 10 days before image acquisition; crop cover was
minimal due to late planting dates (June 8 and 9, 2001).

into a common Cartesian coordinate system, i.e. all data
sets having the same geographic coordinates for equivalent locations. The images and soil data were rectified
to the UTM coordinate system (Zone 16), with datum
and ellipsoid being WGS 1984. The process involved
locating readily discernable points in a georeferenced
image and then using a process in the ERDAS Imagine
software called “rubber sheeting” to orient the images
to the known points in the already georeferenced image.
The proportional relationship of the image is retained
throughout the rubber sheeting process and the estimated
accuracy is within one pixel width; therefore, for the ITD
and ATLAS images, the geometric accuracy was 1 m and
2.5 m, respectively.

Image Masking
In order to facilitate image processing, the images were
“cut-out” from the overall scene. This process was accomplished in ERDAS Imagine by creating an Area of
Interest (AOI) and then using the AOI as the “cookie cutter” for all of the images, so that the study site field was
the only area included in the analysis. This procedure
also helped reduce the required computer processing time
for each image and helped in the reduction of confounding effects or the unwanted processing of pixels, which
lie outside of the study area when processing the whole
scene with a centralized training set.

Data Preparation (Re-sampling)

Image Processing and GIS
Software
Both geographic information systems (GIS) and image
processing software were used to develop a framework
for the analysis. ArcView 3.2b (ESRI) was used for all
spatial analysis and two image processing software packages, ERDAS IMAGINE 8.2 and MultiSpec (Biehl and
Landgrebe, 1996) were used for image analysis.

Image Registration
In order to correlate the ITD and ATLAS images with
each other and to other associated data sets, such as the
soil sampling data, it was necessary to put the images

It was necessary to degrade both images’ spatial resolution to match the ground sampling distance (GSD) of the
soil organic matter characterization samples, which are
approximately 5.25 m2. This was accomplished by using
a re-sampling function in ERDAS Imagine (Version 8.2).
Re-sampling is the process of extrapolating data values
for the image pixels in a specified window. For example,
a three-by-three pixel window was used to “average” the
pixel value for each 1.75 m2 pixel. Thus, a three-by-three
window of 1.75 m pixels becomes one 5.25 m2 pixel with
an average pixel value calculated as the mean of the 9
individual pixels (Figure 6, refer to appendix).
After re-sampling, several feature extraction techniques or indices were applied to both images. This was
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done with both images because extensive inter-band
correlation is a problem frequently encountered in the
analysis of hyperspectral data (Richards and Jia, 1999).
Simply stated, images generated by digital data from various wavelength bands often appear similar and convey
essentially the same information. Therefore, a Principle
Component Analysis (PCA, ERDAS Imagine, Version
8.2) was performed to remove or reduce such redundancy
in the image data and to compress all of the information
contained in the original image (n–bands) into a data set
with fewer than n–bands or weighted components. The
weight assigned to each of the original bands, also called
an eigenvalue, is a direct correlation to the importance
given to that band or bands as an interpretive variable.
These new “transformed” images were used in lieu of
the original images for all subsequent analysis. The PCA
removed the effects of the weeds and reduced the image
down to bands 1, 3, and 7.

Image Classifications
The overall objective of image classification is to
automatically group all pixels into spectral categories.
There are many different classifiers, each unique in the
way different classes are separated. For the purpose of
this study, two different types of classification schemes
were used, unsupervised and supervised and then several
classifiers within the supervised classification were explored (Lillesand et al., 2004). Table 4 indicates which
classification algorithms in MultiSpec were used, along
with a brief description of their functionality.

Table 4 Classification algorithms used in the study (MultiSpec, Version 5.2001).
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Limitations in the Use of
Uncalibrated Image Data
Spectral Responses
For this study, uncalibrated image data were used. Uncalibrated data indicates that the data were collected under
uncontrolled conditions without any ground-reference
spectral radiometer readings collected for the area of
interest. Therefore, differences seen within an image
are relative differences and cannot be directly associated with any particular wavelength, but can be observed
as relationships among wavelength bands (Stoner and
Baumgardner, 1981).

Relative Differences in Soil Color
Relative difference in soil color can be caused by many
different factors, such as organic matter content, iron
oxides, soil moisture content, management practices, and
similar factors (Sudduth and Hummel, 1991). The use
of uncalibrated remotely sensed images to differentiate
between soil mapping units can be subjective.
In order to quantitatively differentiate between adjoining soil mapping units in a successful manner, one
must be able to assign a specific wavelength or a combination of wavelengths to a specific soil mapping unit
or color. This study was conducted using uncalibrated
data sets due to the fact that 1) the geographic area was
too large to efficiently assess the spectral characteristics
of each mapping unit, 2) the data were collected on an
ad-hoc basis using existing resources, 3) the focus of
this research was to use this technology in an application
setting and/or as a surrogate to traditional soil surveying
techniques.

Statistical Analysis
Due to the limitations discussed earlier and the fact that
map-based results are difficult to quantify because “hard”
boundaries between soil areas rarely exist, it was determined that Chi-square analysis of the data would suffice
in order to quantitatively assess the association between

classes delineated by the three different strategies or approaches generated from the image results.
Chi square is a rough estimate of data confidence;
it accepts weaker, less accurate data as input rather than
parametric tests ( e.g. t-tests and analysis of variance)
and, therefore, has less status than the more stringent
statistical tests. Nonetheless, its limitations are also its
strengths; since chi square is more ‘forgiving’ with the
data that it will accept, it can be used in a wide variety
of research contexts where more subjective data sets are
normal (i.e. opinion polls, etc.). Typically, the hypothesis
tested with chi square is whether or not two different samples, in this case soil mapping units, are different enough
in some characteristic or aspect of their behavior that we
can generalize from our samples that the populations from
which our samples are drawn are also different in the specific behavior or characteristic.
The method employed using a chi-square analysis
scheme is as follows: in order to use the Order 1 soil survey as the “benchmark” by which all other map products
would be compared, a relative pixel value was assigned
for each geo-referenced location for both the Order 2 and
Order 1 soil survey mapping units. Both ArcView 3.2b
and ArcGIS 8.2 were used to subset the classified images
into frequency tables which represent the “image pixel
counts” for each associated polygon (soil mapping unit)
for both the Order 1 and Order 2 soil surveys overlaid on
the two classified image data sets, plus the unsupervised
classifications for each image. These frequency tables
were used in the chi-squared analysis (Proc. GLM, SAS
Institute, 2000), in comparing the Order 1 soil survey to
the Order 2 (published) soil survey and the image classification results of the two image data sets (ATLAS and
RDACS).

Unsupervised Classification Results
An initial unsupervised classification was done on both
data sets to obtain an understanding of the natural groupings or clusters of the remotely sensed data. The clusters
were determined by the number of Order 1 soil type units,
in this case 12, and then eliminating the unclassified
cluster and class, which contained less than 100 pixels.
An example of this condition is depicted in Figure 7 (refer
to appendix). The ATLAS data are much more “speck-
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led” than the ITD data set. This is a result of the spectral
range of the ATLAS sensor (Figure 7b) being broader,
750 nm to 2500 nm, than the ITD sensor (Figure 7a), 471
nm to 828 nm. As a result of the broader spectral range,
the ATLAS sensor recorded reflectance values in the part
of the spectrum that the ITD sensor could not record.
Consequently, the influence of soil constituents commonly sensed in the upper spectrum such as, clay content,
hydroxyls, etc., were recorded (Baumgardner et al. 1985).

shown in Figure 8 (refer to appendix) are representative
of the results.

Chi-square Analysis

For all four data sets, the Chi-square analysis indicates
there is a strong general association (significant at
p=.0001) between soil mapping units and organic matter.
The ranges are from 12071.5314* (df =12) at .0001 for
the ITD Order 2 and 12284.7495* (df = 12) at .0001 for
the ATLAS Order 2 to 27717.4640* (df = 33) at .0001
and 29566.4822* (df = 33) at .0001. This is somewhat
expected since organic matter content heavily influences
Supervised Classification Results soil color, which is an important determining factor in soil
mapping (Stoner et al., 1980).
As shown in Table 4, several classification schemes were
Cramer’s V statistic (SAS Institute, 2000) is a meaexplored. The supervised classification was accomplished
sure of association derived from the Pearson chi-square
by using the organic matter values from the soil samstatistic, and it ranges from 0 to 1 (1 indicating a strong
pling results as a training set and grouping them into 4
relationship between variables and 0 indicating none)
categories. Using the best qualitative results based on a
(http://sociology.camden.rutgers.edu/curriculum/format.
visual assessment of comparing the image classification
htm). Further examination of the data (Table 5) shows
results to the Order 1 soil survey map, the images (maps)
that the Cramer’s V statistic indicates there is a stronger
relationship between the Order 1 and organic matter than
there is between the Order 2 and organic matter for both
sensors and the unsuperTable 5 Cramer’s V statistic for association between remotely sensed data
vised classification results.
and the soil survey data sets (SAS Institute, 2000).
Using the Cramer’s V scale
of less than 0.10 equals a
weak relationship between
variables and 0.10 to 0.30
indicates a moderate relationship with above 0.30
having a strong relationship,
we can surmise from Table
5 that there is a stronger
relationship between the soil
mapping units and organic
matter for the Order 1 than
there is for the Order 2, for
both supervised classification data sets. However, the
unsupervised classified data
sets show the opposite trend
in that the Order 2 data sets
show a stronger association
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Table 6 Chi-square Analysis of Order 2 Soil Survey vs ITD Sensor Data

_______________OM Class_____________
1

Soil Map Unit 1 (Glynwood)
Frequency
3151
4792
(observed)
Expected
Cell ChiSquared
Percent
Row Percent
Col Percent

2

3

4

3377

5356

3209.41

4587.2

3226

5572.5

5.903

9.1439

7.0705

8.4087

4.57

6.96

4.90

7.78

18.90

28.74

20.25

32.12

23.18

25.29

25.34

23.27

Total
16676
24.21%

Soil Map Unit 2 (Pewamo)
Frequency
(Observed)
Expected
Cell ChiSquared
Percent
Row Percent

2225

3535

5528

12984

4789.1

6676.7

4695.4

8110.8

1372.9

1478.3

147.63

2928

3.23

5.13

8.02

18.85

9.17

14.56

22.78

53.49

Col Percent

16.37

18.66

41.48

56.41

24272

35.24%

Soil Map Unit 3 (Blount)
Frequency
(Observed)
Expected
Cell ChiSquared
Percent
Row Percent

7716

9436

3604

3466

4779.3

6662.9

4685.7

8094

1804.5

1154.1

249.73

2646.2

11.20

13.70

5.23

5.03

31.86

38.96

14.88

14.31

Col Percent

56.77

49.80

27.04

15.06

24222

35.16%
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Table 7 Chi-square Analysis of Order 1 Soil Survey vs ITD Sensor Data

______________OM Class____________
1

2

3

4

Total

Soil Map Unit 1 (Condit)
Frequency
(observed)
Expected
Cell ChiSquared
Percent
Row Percent

3157

4614

5197

7572

4193.8

5744.9

3912.7

6688.6

256.31

222.62

421.54

116.67

4.40

6.44

7.25

10.56

15.37

22.46

25.30

36.86

Col Percent

21.57

23.01

38.05

32.43

2326

9922

Soil Map Unit 2 (Pewamo)
Frequency
398
724
(Observed)
Expected
Cell ChiSquare
Percent
Row Percent
Col Percent

2729.8

3739.5

2546.9

4353.8

1991.9

2431.7

19.157

7121.4

.56

1.01

3.24

13.84

2.98

5.42

17.40

74.21

2.72

3.61

17.03

42.50

9925

3437

1482

4632.3

6345.7

4321.9

7388.1

2226.7

2019

181.18

4721.4

10.94

13.84

4.79

2.07

34.57

43.75

15.15

6.53

53.59

49.50

25.17

6.35

Soil Map Unit 3 ( Blount)
Frequency
7844
(Observed)
Expected
Cell ChiSquare
Percent
Row Percent
Col Percent
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than the Order 1. This could be due to the spectrally distinct natural groupings or clusters of the remote sensing
data; in other words, the MultiSpec ISODATA algorithm
looks for clusters of pixels, which have the smallest Euclidean distance from pixels with similar DNs and then
classifies the clusters into distinct groups based on the
distance means.
An interesting point from the examination of the
cell chi-square statistics from all data sets is that most
of the strength of the association comes from the two
major soil map units (associations) as they are represented by the organic matter classes. For example, in
Tables 6 and 7 (refer to pages 85 and 86) based on the
observed frequency vs. the expected values, for soil map
unit 2 (Pewamo) the expected values for OM Class 1
and 2 are higher (yellow highlight) than the observed
values and lower (green highlight) for OM Class 3 and
4. Conversely, soil map unit 3 (Blount) expected values
vs. frequency values are lower (green) for OM Class 1
and 2 and higher (yellow) for OM class 3 and 4. This is
anticipated because with soil map unit 2 (Pewamo) being
a depressional soil, the organic matter content is typically
higher. The reverse is true for soil map unit 3 (Blount),
which is located on knolls and ridgetops and typically
has lower organic matter content because of erosion and
generally drier conditions. In Table 7, the same trends
hold true for both soil map unit 2 (Pewamo) and soil map
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unit 3 (Blount); however, when one looks at the percentages represented by both soil as compared to Table 6, one
can see that the overall percentage for soil map unit 2
(Pewamo) drops from 35.24% to 18.65%. However, the
expected vs. observed frequency values for soil map unit
1 (Condit) are relatively equal; therefore, since soil map
unit 1 (Condit) is more of a transitional soil between soil
map units 2 (Pewamo) and 3 (Blount), one would expect
that the majority of the difference between soil map units
2 (Pewamo) and 3 (Blount) is exhibited in soil map unit 1
(Condit).

Analysis of Variance and Means
Separations
ANOVA was performed using the GLM procedure in
SAS (SAS Institute, 1999). The classified image (ITD
and ATLAS) was used as the response variable, while soil
map unit was used as the class variable. Mean separations (alpha = 0.05) were performed with SAS (SAS
Institute, 1999) on the classified images vs. soil mapping
units. Table 8 indicates that the reflectance data from
both sensors could differentiate between the different Order 2 soil map units. All soil map units are significantly
different (P > 0.10) when comparing the surface soil reflectance from each other. Table 9 shows that not all soil

Table 8 One-Way ANOVA Analysis of Order 2 Soil Survey vs. ITD and ATLAS sensor data.
One-Way ANOVA Analysis Order 2 vs. ITD & ATLAS
Soil Map Unit
ITD
ATLAS
Glynwood
3.14 b
3.07 b
Pewamo
3.30 a
3.27 a
Blount
2.11 e
2.16 e
Morley
2.61 d
2.53 d
Saranac
2.67 c
2.58 c
‡ For each soil and sensor combination, means with the same letter are not significantly different
(alpha = 0.05) according to a t-test equivalent to Fisher’s LSD comparisons when sample sizes
are equal.
The Journal of Terrestrial Observation Volume 1 Number 1 (Spring 2008)
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Table 9 One-Way ANOVA Analysis Order1 vs. ITD and ATLAS
One- Way Analysis Order1 vs. ITD & ATLAS
Soil Map Unit
ITD
ATLAS
Condit
2.83 d
2.76 d
Pewamo
3.55 b
3.47 b
Pewamo/slope
3.60 ab
3.71 a
Del Ray
1.88 i
2.02 g
Bellcreek
3.60 a
3.41 c
Milford
3.46 c
3.35 c
Blount
1.93 h
1.99 g
Blount/slope
1.55 j
1.57 h
Glynwood
2.23 f
2.18 f
Glynwood/Rawson
2.04 h
2.03 g
Glynwood/Blount
2.66 e
2.44 e
Morley
2.47 g
2.35 e
‡ For each soil and sensor combination, means with the same letter are not significantly different
(alpha = 0.05) according to a t-test equivalent to Fisher’s LSD comparisons when sample sizes
are equal.
map units in the Order 1 soil survey are significantly different when analyzing only soil reflectance values. The
ITD data set shows that all soil map units are significantly
different except for the Pewamo and Pewamo/slope. This
is expected because these two soils have similar surface
characteristics. The ATLAS sensor shows three soils that
were significantly different; again the groupings are of
soils with similar surface characteristics except the Del
Rey soil, which typically has a darker surface tone than
the other soils that are not significantly different from the
Del Rey. This may be due to the fact that the Del Rey
map unit represents a small fraction of the overall surface
area of the field and had a relatively small pixel count. It
should be noted that no comparisons were made with unclassified pixels; these pixels typically fell outside of the
prescribed field boundary or were split between different
soil map units.

Linear Discriminate Analysis
Linear discriminate analysis (LDA) was used on the reflectance data to determine whether different remote sensing sensors (ATLAS or ITD) could discriminate between
identified soil mapping units. In other words, LDA can be
used to find a set of linear combinations of the quantifiable variables that best reveals the differences among
the classes (SAS OnlineDoc, 2000). In Tables 10, 11, 12
and 13, the LDA takes the true observation as defined by
the classification scheme and compares the proportion of
the pixels that was correctly classified vs. the number of
pixels that was assigned to other soil map units. Tables
10 and 11 show the LDA comparison of the ITD Order
2 vs. the ITD Order 1. The ITD LDA indicates the ITD
sensor did a better assessment of the Order 2 soil survey
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than it did with the Order 1, respectively, classifying
22.2% vs. 10.3% correctly. The same trend holds true for
the ATLAS sensor (Tables 12 and 13) with 36.9% for the
Order 2 vs. 27.7% for the Order 1. The LDA when using
both sensors to develop discriminate function results
(Table 14 and 15) indicated that the number of overall
proportion predicted correctly was smaller than when the
sensors were evaluated individually. In other words, very
little appears to be gained in predicting membership of a
pixel by using more than one sensor.
It is interesting to note that both sensors provided data that accurately classified the Condit soil in the

Order 1 analysis, but neither classified the same remaining soils. The ITD sensor classified the remaining soils as
Bellcreek and Glywood and the ATLAS sensor classified
the remaining soils as Pewamo/slope, Blount and Blount/
slope. This could be due to the spectral range of the
ATLAS sensor being broader than the ITD sensor. Therefore, the ATLAS sensor may have recorded reflectance
on soil characteristics, i.e. clay content, hydroxyls, etc.,
which the ITD sensor was not able to record (Lillesand et
al., 2004).

Table 10 Linear Discriminate Analysis of Order 2 Soil Survey vs. ITD Sensor Data

__________________Classified As (%)____________________
True Ob- # of ObserGlynPewamo
Blount
Morley
Saranac
servation
vations
wood
Glynwood 24879
22
52
14
0
0
Pewamo
186
34
56
1
0
0
Blount
24351
15
14
38
0
0
Morley
16875
20
32
28
0
0
Saranac
3595
21
31
34
0
0
Proportion Correct = 22.2%
Percentages do not add up to 100% due to unclassified observations and rounding.
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Percentages do not add up to 100% due to unclassified observations and rounding.

_______________________Classified As (%)_____________________
True Ob- # of Obser- Glynwood
Pewamo
Blount
Morley
Saranac
servation
vations
Glynwood 24789
35
40
25
0
0
Pewamo
186
76
27
0
0
0
Blount
24351
20
9
71
0
0
Morley
16875
26
22
52
0
0
Saranac
3595
29
20
51
0
0
Proportion Correct = 36.9%

Table 12 Linear Discriminate Analysis of Order 2 Soil Survey vs. ATLAS Sensor Data

Characterization of Soil Properties |

The Journal of Terrestrial Observation Volume 1 Number 1 (Spring 2008)

25

26 | Morris, Ross, & Johannsen

The Journal of Terrestrial Observation Volume 1 Number 1 (Spring 2008)

Characterization of Soil Properties |

__________________Classified As (%)____________________
True Ob- # of ObserGlynPewamo
Blount
Morley
Saranac
servation
vations
wood
Glynwood 24879
30
38
18
5
2
Pewamo
186
63
27
<1
0
0
Blount
24351
13
8
56
6
1
Morley
16875
18
20
37
9
4
Saranac
3595
19
18
38
10
4
Proportion Correct = 22.2%
Percentages do not add up to 100% due to unclassified observations and rounding.
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Cross Tabulation Analysis
Cross tabulation is used to test hypotheses measuring
the contingency of some variables upon others, or how
increases in one affect increases or decreases in others.
Several interesting points can be drawn from the
cross-tabulation statistics in Table 16, the cell statistics
indicate when the Order 1 classified a soil map unit as
Condit (Cn), Pewamo (Pw), Pewamo/slope, or Bellcreek
(Bell) the Order 2 classified the soil map unit as Glynwood (GnB2). When the Order 1 classified the soil map
unit as Glynwood, the Order 2 classified the majority as
Morley (MyC3), 50% vs. 16% for Glynwood. The only
soil map unit that is in agreement with both the Order 1
and Order 2 is the Blount (BlA) which was 63% correctly
classified. If one can assume that the Blount/slope and
the Blount in this particular study have similar spectral

characteristics, then the percentage of correctly classified
Blount/slope vs. Blount is in 100% agreement with both
the Order 1 and the Order 2 Soil Surveys. To justify this
assumption is quite simple in this case due to the fact that
this particular area has been routinely cultivated over time
likely producing a mixture of the soil types, and more importantly, one must also take into account that the Blount/
slope map unit is a single sampling point within the much
larger study area (Table 3).
One reason for the large discrepancy between the
different soil maps could come from the process of developing the individual maps. For example, the Order 2
soil survey is primarily developed from the interpretation
of an aerial photograph and uses only the soil scientist’s
knowledge of the associated soils and the difference in
soil color (tones) from the image. Conversely, an Order

Table 16 Cross Tabulation Analysis Order1 vs. Order 2 Soil Surveys (Based on Row %)
__________________Classified As (%)____________________
True Observa- # of ObserGlynPewamo
Blount
Morley
Saranac
tion
vations
wood
Order 1
Condit
19694
43
0
27
24
5
Pewamo
13617
71
0
10
17
2
Pewamo/slope
494
70
0
30
0
0
Del Ray
1777
26
0
73
0
0
Bellcreek
2273
76
7
15
<1
1
Milford
735
18
0
0
70
12
Blount
21513
10
0
63
24
3
Blount/slope
863
0
0
100
0
0
Glynwood
6060
16
0
17
50
17
Glynwood/Raw- 285
2
0
28
20
50
son
Glynwood/Blount 2385
36
0
3
38
22
Morley
260
0
0
100
0
0
Percentages do not add up to 100% due to unclassified observations and rounding.
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1 soil survey uses more ground based, subsurface observations to delineate the different soil mapping units and
is not as dependent on soil color (tones) as the Order 2.
This would cause soils in the Order 2 to be grouped into
classes of soils that have similar surface characteristics
and soils in the Order 1 to be grouped into classes based
more on subsurface characteristics.

Conclusions
In general, significant but low correlations were found
between using classified imagery to assess soil mapping
units using an Order 1 soil survey vs. an Order 2 survey.
A chi-square analysis of the data indicates that there is a
strong association between soil map unit and organic matter content. Further analysis using Cramer’s V statistic
indicates a stronger relationship between organic matter
and an Order 1 soil survey as opposed to an Order 2 soil
survey and organic matter. However, when an unsupervised classification scheme was applied to the imagery the
Order 2 soil survey out performed the Order 1 soil survey,
again using the Cramer’s V statistic. This was due in part
to the fact that the objective of unsupervised classification
is to group multiband spectral response patterns into clusters that are statistically separable. Thus, a small range of
digital numbers (DNs) for 3 bands can establish one cluster that is set apart from a specified range combination for
another cluster. This natural grouping of “like pixels” is
a powerful tool and can be used to look at the contextual
information included in an image.
Soils must be examined to a depth of about 2 m or
to solid rock, well beyond present reach of commercially
available remote sensors or combinations of sensors. At
least some clues toward soil properties are provided by
surface spectral features. For example, the presence of
moisture in soil will decrease its reflectance, and this
effect is greatest in the water absorption bands at about
1400, 1900, and 2700 nm. Clay soils also have hydroxyl
absorption bands at about 1400 and 2200 nm (Lillesand et
al., 2004). As stated in Chapter 1, soil moisture content
is strongly correlated with soil texture: course, sandy
soils are usually well drained, resulting in low moisture
content and relatively high reflectance; poorly drained

fine textured soils will generally have a lower reflectance.
In the absence of moisture, however, the soil itself will
exhibit the reverse tendency; course texture soils will appear darker than fine textured soils. Thus, the reflectance
properties of a soil are consistent only within a particular
range of conditions. Therefore, if a soil scientist is to use
an image to guide a soil mapping exercise, he/she needs
to have a better indicator of what soil constituents are
driving soil color within a specified area. This research
indicates, depending on selection of remote sensing sensor (in this study: ITD vs. ATLAS), different soil map
units can be assessed. The findings for both sensors using
a One-Way ANOVA analysis indicate that all soils were
significantly different in the Order 2 soil survey. However, the Order 1 results show the ITD sensor doing a better
job grouping the darker soils together (Pewamo) than
did the ATLAS sensor which grouped the lighter soils
together (Blount). This is a significant finding because
depending on soil conditions, i.e. wet vs. dry, it could
help determine which sensor and/or spectral bands to use
in separating soil mapping units.
When a linear discriminate analysis (LDA) is applied
to the data, the results become a little less definitive. The
LDA indicated that the classified images did better at assessing the Order 2 soil survey than the Order 1. Again it
is interesting to note that the LDA also grouped the soils
together much as the ANOVA analysis did in the fact that
the ITD sensor grouped the darker soils together and the
ATLAS sensor grouped the lighter soils together.
The statistics of this study showed that even with
low values, one can make use of hyperspectral bands in
separating soil map units. This can be an aid in reducing
the subjective nature of soil mapping, especially when
soil scientists consider the impacts of organic matter and
soil moisture on the surface reflective responses on the
resulting classification of the images.

The Journal of Terrestrial Observation Volume 1 Number 1 (Spring 2008)

29

30 | Morris, Ross, & Johannsen

Appendix

Figure 1 The Davis-Purdue Agricultural Center and location within Indiana.
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Figure 2 USDA published soil survey (Order 2) map of study area at Davis-Purdue
Agricultural Center, scale 1: 15840 (Neely, 1987)

The Journal of Terrestrial Observation Volume 1 Number 1 (Spring 2008)

31

32 | Morris, Ross, & Johannsen

Figure 3 EMERGE 3-band image of study site overlaid with Order 2 soil
survey.
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Figure 4 Bare soil image overlaid by soil sampling
points of the DPAC study site. Yellow points equal
Organic Matter (OM) ≤ 2.0; red points equal OM > 2.0

Figure 5 Order 1 Soil Survey of the Study Area
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Figure 6 Re-sampling scheme using 3 X 3 window.

a. ITD Unsupervised

b. ATLAS Unsupervised

Classification

Classification

Figure 7a & b ITD hyperspectral and ATLAS multispectral unsupervised classification
image of study site.
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Figure 8 Organic Matter maps for the DPAC study sites based on the classification of the ITD and
ATLAS images.
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